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Introduction
In health, blood glucose (BG) is tightly controlled by a hormonal network that includes the gut, liver, pancreas, and brain, ensuring stable fasting BG levels (~80-100 mg/dl) and transient postprandial glucose fluctuations. Diabetes is a combination of disorders characterized by absent or impaired insulin action, resulting in hyperglycemia. Intensive insulin and oral medication treatment to maintain nearly normal levels of glycemia markedly reduces chronic complications in both type 1 diabetes mellitus (T1DM) 1 and type 2 diabetes mellitus, 2 but may cause a risk of potentially life-threatening severe hypoglycemia (SH). This SH results from imperfect insulin replacement, which may reduce warning symptoms and hormonal defenses. 3 Consequently, hypoglycemia has been identified as the primary barrier to optimal diabetes management. 4 Since the appearance of new technologies in glucose sensing and insulin infusion it is now possible to observe and act upon the glucose/insulin levels using real-time measurements: the sampling frequency of most meters is smaller or equal to 5 minutes. Therefore, increasing scientific and industrial effort is focused on the development of closed loop systems (e.g., artificial pancreas) to control the carbohydrate metabolism of people with diabetes, particularly those with T1DM. Experiments are being conducted with continuous glucose monitors coupled with an insulin pump and a control algorithm. [5] [6] [7] While such systems have proven feasible in steady metabolic states, they fail during changing metabolic demands, such as meals and physical activity. While the problem in meals management is mainly how to inject, in a timely fashion, enough insulin to return to the targeted blood glucose value in a minimum amount of time, avoiding hypoglycemia, the challenge with physical activity is that we are not reacting to a perturbation (such as glucose entering the blood via the gastrointestinal track) but rather a transient change in the glucose/insulin dynamics' parameters, leading to increased effectiveness of insulin 8 and potentially to hypoglycemia.
These changes are well known, although not always precisely quantified, and revolve mostly around changes in glucose transport through the cell membrane and vascular changes. Exercise has been shown to augment the availability of glucose transporter-4, both by translocation to the cell membrane [9] [10] [11] and by increased transcription in muscle cells. 12, 13 These changes have been shown to be associated with an increase in insulin sensitivity and insulin-independent glucose uptake. 8, 11, 14, 15 Two major routes to closed loop control are actually under study: reactive algorithms (proportional integral derivative and linear quadratic Gaussian) and model predictive algorithms. Both methods are still being developed and no definite conclusions can yet be drawn on their ability to control both meals and exercise, but while the first method is blind to any glucose dynamics, the performances of the second could be improved greatly by a model including exercise. This article focuses on the model predictive control and the need of a manageable (identifiable parameters, limited number of states) exercise model. Glucose/insulin dynamics have been modeled since the 1960s, 16 and therefore dozens of models have been presented, although two major models are still at the center of the recent modeling effort: the Bergman-Cobelli minimal model of glucose kinetics (MMGK) [17] [18] [19] and the T1DM model by Hovorka. 6 Notwithstanding these modeling efforts, modeling glucose homeostasis during exercise has not yet reached the engineering literature mainstream. Although studied abundantly, the effect of exercise on glucose/insulin dynamics has been approached mainly in medical and biological terms, and concepts such as glucose transporter translocation, insulin sensitivity increase, or changes in transcription of transporters have been shown but never with a systemic approach in mind. It is not to say that models have not been used to study these phenomenons, but they have not been modified to take these changes into account, with research relying on prepost comparison instead. 8 Two counterexamples are to be noted: Derouich and Boutayeb in 2002 20 and Kim and colleagues in 2007. 21 Both treat models of exercise at two opposite ends of the model spectrum: a minimal model for one and an extensive chemically based model for the second. Neither of these models includes heart rate.
Method

Subjects and Protocol
Data used for estimation of the model come from a hyperinsulemic clamp protocol with euglycemia stabilization, exercise, and hypoglycemia descent/recovery periods. Blood glucose was measured every 5 minutes (Yellow Springs Instruments), as well as injected insulin and dextrose (pump parameters associated with solution concentrations).
Twenty-one T1DM subjects underwent this euglycemic (at 100 mg/dl) hyperinsulemic clamp protocol, including an initial 1.5-hour steady-state period, followed by a 15-minute moderate exercise period at half VO 2max and 30 minutes relaxation.
Mathematical Model of Glucose Homeostasis during Exercise
This model was derived from the minimal model of glucose kinetics. 17 The initial 2 states-2 controls-6 parameters model was expanded to a 4 states-3 controls-11 parameters exercise model. The glucose equation from the MMGK was modified by taking into account both increased glucose uptake due to increased energy consumption (Y) and longer lasting changes in insulin action (Z). Equation (4) was designed so that, during an exercise bout, V rises quickly (speed, f(Y) + 1/τ , depending on intensity of exercise) and decreases much slower after exercise (1/τ). Y [Equation (3)], however, is a filtered differential heart rate intended to mimic the increase in energy expenditure based on the literature finding that, at steady state, heart rate is highly correlated to the volume of oxygen consumed, which in turn is highly correlated to energy expenditure. Thus, in this model, exercise intensity and duration were accounted for through the use of heart rate. 
Model Estimation and Validation
Data from this study did not allow for all parameters of the model to be estimated; for example, the exercise parameters τ HR , τ, and n were fixed for all subjects.
• τ HR was set at 5 minutes to include both energy expenditure adaptation 22 and heart rate reaction to augmentation of energy expenditure. 23 • τ and n were set for allowing detection of spikes more than 10% above basal heart rate (see Figure 1) .
Because insulin was not measured during the protocol, the plasma concentration was not available, and we alternatively used the population parameters for volume of insulin dispersion and half-life of insulin in plasma. Therefore, insulin concentration is derived from injected insulin; I b is "measured" as the steady state of the basal injection before the beginning of the clamp protocol.
Estimated Parameters
The seven remaining parameters were fit using a combination of nonlinear least-square fitting and Bayesian constraints. Both G b and V g were constrained around mean values with coefficient of variance values of 50% and 20%, respectively. The mean value for G b was chosen as the initial glucose measure from the protocol, and V g was estimated around its literature population mean (1.88 dl/kg). Parameters were limited by lower and upper bounds to retain physiological validity of the model (e.g., p 2 could not be smaller than 0.01). A weighted least-square function was recursively minimized using a large-scale, trust region method (default of Matlab lsqnonlin function), with the starting point of iteration n + 1 calculated as a random perturbation of the optimization result at n, weighted by goodness of fit. 
Validation
Weighted mean square errors (WMSE) are reported, and the exercise MMGK is compared with the regular MMGK (p 2 constraint to be greater than 0.01).
Results
Twenty-one subjects were fitted with the previously described method. The WMSE was 7.77 ± 0.82; the parameter averages are reported in Table 1 . It should be noted that parameters varied greatly among subjects (although stay of the same order of magnitude).
The exercise minimal model was able to follow glucose dynamics during and after exercise and, most importantly, follow the descent in hypoglycemia (Figure 2 ) while avoiding unrealistic parameter values, whereas the standard MMGK forced value of p 2 close to 0.001, meaning steady-state insulin, was not reached before 24 to 48 hours after start of the clamp procedure.
Standard minimal model results are presented in part B of Table 1 .
Discussion
This article presented what the author believes is the first functional exercise model of glucose homeostasis.
Although a few models have been published previously, it is the first time such a model was fit individually to T1DM patient data. Results presented show the good performances of the model in predicting glucose during and after an exercise period. It is also the first use of heart rate as input in a glucose homeostasis model as a marker of energy expenditure.
This model was designed following the parsimony principle and was kept intentionally small, in terms of both states and parameters, as data fit permitted, therefore following the methodology presented by Bergman and colleagues. 17 It is not to say that this model is minimal yet, but it was designed with minimization in mind.
This model represents a first effort from our group to tackle changes in glucose dynamics during and after exercise, and as such is not comprehensive. The two major unknowns about this model are due to lack of data: indeed liver glucose production was mostly shut down by the hyperinsulemic clamp, rendering any modeling of endogenous glucose production compensation of increased glucose uptake meaningless. Secondly, data do not provide any information on the training state of the subjects or on the effect training would have on glucose dynamics. In order to use this model in a closed loop algorithm, both issues will need to be addressed. The 24-hour period after exercise was not accessible to us, and even though parameters were chosen to reflect published results (significant difference after 20 hours, disputable at 24 hours), 15 the dynamic of recovery from exerciseenhanced insulin sensitivity is not known.
It
has not yet been proven that the minimal model approach is the one to follow to solve the model predictive closed loop problem. In particular, some important observed dynamics will probably need a more complex model than a two-compartment one. The exercise modification of glucose kinetics was designed to fit both the MMGK and the newest glucose homeostasis model presented in 2006 by Dalla Man and co-workers. 24 Our data did not possess the depth needed for proper identification of this model, but future studies are planned to include more measured quantities, as well as the use of T1DM population parameters of this latest model.
In conclusion, the use of heart rate as a surrogate for physical activity was validated, which may ultimately permit closed loop control algorithms to not only maintain a safe euglycemic state during the night (actual state of the literature) and during a meal (pilot 
